Summary Ecosystem simulation models are designed to assess the flux of energy, water, carbon and nitrogen according to a given vegetation type. The reliability of the modeled results is determined by model validations. Model validations are typically done using classical statistical methods like regression analysis of predicted versus observed values, paired t statistics and error assessment procedures to characterize the quality of current and future model predictions. All these validation efforts concentrate on static aspects of the model but fail to describe the model dynamics. In this paper, we introduce methods from ergodic theory to analyze the dynamic behavior of ecosystem models. We describe (1) how the attractor representation of model behavior can be reconstructed from a time series of model outputs, and (2) what we can learn from the attractor to assess the model dynamics.
Introduction
Ecological models are designed to help understand and describe the complexity of key ecosystem processes. Conflicting interests such as simplicity, observability and biological realism must be considered to ensure a well-balanced model (see Pacala et al. 1993) . According to the background of the model developer, the subject of interest and the required resolution in space and time, different types of models are available. Typical examples are population models such as yield tables and tree growth models, which are used to forecast volume growth (Hasenauer 2003) , as well as gap or succession models developed for analyzing potential vegetation dynamics (Botkin 1993) . Another model type is the biogeochemical-mechanistic model, which focuses on the interaction between soil, plants and the atmosphere, by assessing the fluxes of energy, water, nitrogen and carbon within a given ecosystem (Waring and Running 1998) .
The evaluation and validation of ecological modeling results are becoming of increasing interest because models are considered to be a key method for assessing the functional dynamics of sustainability. In this context, validation can be considered a central step in the application of models to scientific and management questions (Robinson and Froese 2004) . Typical examples are climate change impact studies (IPCC WGII 2001) , forest management options and their effects on the ecosystem (Merganicova et al. 2005) , and drought stress scenarios .
Traditionally, models have been validated by classical statistical methods. Typical examples are comparisons between predicted and observed values, i.e., t or χ 2 tests (Freese 1960 , Ek and Monserud 1979 , Yang et al. 2004 . Another commonly applied approach is the assessment of confidence, prediction and tolerance intervals (CI, PI and TI, respectively) for characterizing the quality of future model predictions (e.g., Reynolds 1984 , Reynolds and Chung 1986 , Gregoire and Reynolds 1988 . The CI defines the mean differences between predicted and observed values, PI provides the range of errors in future model applications and TI provides the limits that contain a specified proportion of the difference distribution.
An important application of ecological models is in future scenario analysis. Although models may include physical laws to make them less constrained by site-specific factors, the question remains: how accurate are future model predictions limited, or on very wet sites where other coniferous species cannot grow.
For our simulations, we used the general biome parameter set for evergreen needle-leaf forests ({α} ENF ) as proposed by White et al. (2000) , and our specific parameter sets for Cembran ({α} P. cembra ) and Scots pine ({α} P. sylvestris ) forest ecosystems . The different working steps can be summarized as follows: (1) we assess model performance using the {α} ENF , {α} P. cembra and {α} P. sylvestris parameters and compare predicted and observed values; (2) we provide CI, PI and TI (Reynolds 1984) for each parameter set ({α} ENF , {α} P. cembra and {α} P. sylvestris ) to test for possible model bias; and finally (3), we apply ergodic theory to evaluate the temporal dynamics of simulation runs as it can be derived for each parameter set.
Methods

Ergodic theory
Ergodic theory is a field in mathematics (see Bowen and Ruelle 1975 , Ruelle 1978 , Eckmann and Ruelle 1985 that allows the analysis of dynamic systems using properties derived from the attractor of system behavior. The attractor of a system can be understood as a description of the dynamics within the system and gives the trajectories of the system's development. It explains several features of dynamic systems, such as (1) dynamic stability, i.e., the persistence of a certain type of dynamics (Albers and Sprott 2004) , (2) entropy, i.e., the rate of information generation exhibited by the system (Eckmann and Ruelle 1985) , and (3) complexity, describing the system's spatial organization in phase space, or simply the size of the attractor (Nayfeh and Balachandran 1995) . Figure 1 shows the steps for reconstructing the attractor of a given system.
Topologically (see Cigler and Reichel 1978) , the trajectories expressed by the quasiperiodic outputs of the model vary along a torus ( Figure 1A ). Poincaré's (1892) most important finding was that the behavior of a dynamic system may be analyzed by (1) inserting a single plane orthogonal to the flow of the trajectories ( Figure 1B) , and (2) by looking at the return of the system's trajectory within the plane after travelling a full quasiperiod ( Figure 1C ). Thus the quasiperiodic time series of the system can be condensed to the time series of points within a selected planar section. The resulting map of points recurring in the plane ( Figure 1C ) is called a Poincaré map (Ruelle 1995) .
The Poincaré map contains all the information necessary to characterize the dynamics of a system; however it does not help to reconstruct the attractor of the system, because the points within the map represent a one-dimensional time series, which cannot be extended to a multi-dimensional system. If we consider the Poincaré map ( Figure 1C) , the results give an attractor condensed to one dimension, i.e., the map provides only the silhouette or projection of the attractor. To overcome this limitation, Ruelle (1978) searched for a way to extend the condensed attractor into a multi-dimensional picture covering the dynamics of the full system. The principal idea was that if we look at the attractor from different directions, a higher-dimensional picture emerges. Ruelle (1978) suggested that this effect may be reached by mapping the Poincaré map into itself ( Figure 1C ). This procedure groups consecutive points within the Poincaré map into tuples (i.e., ordered sets of pairs, triplets, etc.). It can be understood as the linking of a one-dimensional time series as given in the Poincaré map to a more dimensional series. The mathematical explanation for this approach is provided by Takens (1981) . This reconstruction method is therefore referred to as the Ruelle-Takens transformation. Figure  1D shows the result of this mapping procedure for a three-dimensional example. The number of dimensions for embedding the attractor is defined by the degrees of freedom for running a system (e.g., an ecosystem model) and equals the number of independent system drivers minus one.
Once the attractor of model behavior is available, the different attraction configurations (stable and unstable) can be assessed visually. A principle example is given in Figure 2 . The sources or sinks (Figures 2A and 2B ) of the attractor indicate regions of deterministic (and thus, stable) behavior of the system, whereas a saddle configuration in the attractor (Figure 2C ) identifies a potentially non-deterministic or unstable region. At a saddle, a bifurcation-i.e., a split of the trajectory-may result from small displacements ( Figure 2C ). In such situations, the assessment of the system behavior may be difficult. At a riddled basin configuration ( Figure 2D ), no deterministic description of the system exists because the system may develop in all possible directions. The model produces random results and predictions may be meaningless.
The BIOME-BGC model For this study we used BIOME-BGC (Thornton 1998) , Version 4.1.1. The model simulates, for each day, the cycling of energy, water, carbon and nitrogen within a given ecosystem. Model inputs include meteorological data, such as daily minimum and maximum temperature, incident solar radiation, vapor pressure deficit, precipitation and day length. Aspect, elevation, nitrogen deposition and fixation, and physical soil properties are needed to calculate daily canopy interception, evaporation and transpiration; soil evaporation, outflow, water potential and water content; leaf area index (LAI); stomatal conductance and assimilation of sunlit and shaded canopy fractions; growth and maintenance respiration; gross primary production (GPP) and net primary production (NPP); allocation; litter-fall and decomposition; mineralization, de-nitrification, leaching and volatile nitrogen losses.
Further details concerning the theory, validation and application examples of BIOME-BGC and its predecessor, FOREST-BGC, are given by Running and Coughlan (1988) , Running and Gower (1991) , Running and Hunt (1993) , Thornton (1998) , White et al. (2000) and Pietsch et al. (2003) . For an example of a species-specific extension see Pietsch and Hasenauer (2002) .
In BIOME-BGC, Version 4.1.1, model calculations are determined by a set of 39 parameters. The parameter sets used in this study are the general, evergreen needle-leaf biome ({α} ENF ) parameter set as given in White et al. (2000) and the species-specific parameter sets for Cembran pine ({α} P. cembra ) and Scots pine ({α} P. sylvestris ) as given in Pietsch et al. (2005) . Parameter values of each parameterization used in this study are presented in Synthesis of methods BIOME-BGC is driven by daily weather values, resembling climate. Climate is a quasiperiodic system, because it is similar from year to year, but always a little different in the lengths and temperature and precipitation profiles of the successive seasons. The quasiperiodicity within the inputs is transferred to the model outputs. This justifies the transfer of methods developed to analyze the quasiperiodic dynamics of planetary motion to the quasiperiodic outputs of a biogeochemical ecosystem model. The length of the quasiperiod of model outputs was defined as the time span between the onsets of two successive growing seasons. The number of dimensions for embedding the attractors depends on the number of independent model drivers. The model used in this study requires seven input variables: minimum and maximum temperature, precipitation, vapor pressure deficit (VPD), incident solar radiation, CO 2 concentration and nitrogen deposition. However, in our application, the daily values of VPD and radiation are derived from daily (1) minimum and (2) maximum temperatures as well as (3) precipitation (see Hasenauer et al. 2003) . Similarly the gradient of changes in nitrogen deposition from preindustrial to current deposition rates is calculated from the increase in CO 2 concentration. Consequently, only four independent model drivers remain, resulting in three degrees of freedom or a three-dimensional system for embedding the attractors constructed in this study.
Data
Forest stand data
We used tree volume and 10-year volume increment data from 23 Cembran pine stands and 16 Scots pine stands. The Cembran pine stands are located within the central Alps of Austria. Climatically, the stands are characterized by short moderate summers and long cold winters, the latter including extended snow cover and long frost periods. Mean annual temperature for the region is 2°C and mean annual precipitation totals about 1250 mm. Soils are sandy loams with varying soil depths (0.2 to 0.8 m) and slopes (10 to 55%). The stands were surveyed and documented by Funke (1998) and are within the typical range of Cembran pine forests in Austria.
The Scots pine stands are distributed across Austria at elevations between 290 and 1200 m. Hence mean annual temperature varies between 6 and 9°C with precipitation ranging between 350 and 1250 mm year -1 . Soils range from sand to silty clay with soil depths between 0.3 and 1.2 m and slopes range from 0 to 60%. The Scots pine stands belong to the Level 1 grid of the ICP Forests Program, and have been surveyed regularly since 1986 (UN/ECE and EC 2002). Summary statistics of the 23 Cembran pine and the 16 Scots pine stands are given in Table 2 .
Climate data
Daily records of minimum and maximum temperatures, precipitation, VPD and incident short wave radiation needed for running the model are generated using DAYMET, a climate interpolation model (Thornton et al. 1997 ) recently adopted and validated for Austrian conditions . DAYMET interpolates daily minimum and maximum temperature as well as precipitation from surrounding permanent climate stations. Based on these results, missing daily solar radiation and VPD data can be calculated according to . The point version of DAYMET (Petritsch 2002) requires longitude, latitude, elevation, slope, aspect and the hori- zon angle in east-and west-facing directions for a given plot. Climate records for generating missing daily meteorological data were provided by the Austrian National Weather Centre in Vienna (ZAMG) and include daily weather data for up to 250 stations dating back to 1960. With this setup, we were able to predict daily minimum and maximum temperature, precipitation, radiation and daily VPD for each location of our 23 Cembran pine and 16 Scots pine forest stands. 
Simulation procedure
Mechanistic ecosystem models simulate changes of state and flux variables over time to assess the physiology, biochemistry, structure and allocation patterns of a given ecosystem. Therefore, the endpoint of any given simulation depends on the starting values of the state and flux variables, or simply on initial conditions (Ruelle 1978 ). For single stands, i.e., longterm monitoring plots, it may be possible to acquire initial conditions from earlier measurements, but as the spatial resolution increases, the availability of data decreases. To circumvent this limitation, self-initialization procedures have been developed (e.g., for BIOME-BBC model: Thornton 1998 . Within this self-initialization process or spin-up run, the accumulation of soil and vegetation carbon and nitrogen pools are repeatedly simulated using the available climate records until the ecosystem reaches a steady state. Starting with a leaf carbon pool of 0.001 kg m -2 , the spin-up procedure for a plot is completed when mean soil carbon content (i.e., the last among the carbon pools to reach a steady state) does not differ by more then 0.5 g m -2 between two successive 39-year (number of years with a full daily climate record) simulation periods. For our plots, the steady state was achieved after 702 to 2106 simulation years.
The results of the spin-up procedure were then corrected for possible degradation effects caused by changes in land use and forest management. This step is crucial for the accuracy of modeled carbon and nitrogen sequestration Hasenauer 2002, Pietsch et al. 2003) , because intensive management may lead to a decline in nutrient status and soil fertility (Mayer and Ott 1991, Ott et al. 1997) .
The Cembran pine stands included in this study were managed intensively because of the excessive demands for fuel wood from the inner alpine iron industry. Even high-elevation forests were cleared for charcoal production (Funke 1998) . After a series of flooding events, forest practices were changed and timber production was limited starting at the beginning of the 18th century (Funke 1998) . The Scots pine stands used in this study were clear cut regularly to fulfill the demands for fuel and construction wood from lowland settlements and these forest practices were unchanged until recently.
In our simulations, we incorporate these conditions by simulating two rotation periods of 200 years for Cembran pine and three rotation periods of 150 years for Scots pine with clear cutting and successive planting after the spin-up simulations. Clear cutting was simulated by (1) removing 80% of the aboveground woody biomass, (2) assigning belowground woody biomass to the coarse woody debris pool, and (3) adding the remaining aboveground biomass, including twigs and needles, to the litter pools. Successive planting was assumed by setting the starting values for leaf carbon to 10 g m -2 and stem carbon to 25 g m -2 . This gave the initial starting conditions for simulating our current forest stands.
All the spin-up and site history simulations were performed using preindustrial CO 2 concentrations (280 ppm; IPPC WGI 1996) and nitrogen deposition values (0.45 g N m -2 year -1 ; Ulrich and Williot 1993) because the steady state and the land use described above took place in preindustrial times. For the final simulation from planting to the current forest stands, we gradually increased the CO 2 concentration from the concentration at the time of planting (between 280 and 315 ppm depending on stand age) to 367 ppm in 1998 (IPCC WGI 1996) . Nitrogen deposition was increased from the preindustrial values of 0.45 g m -2 year -1 (Ulrich and Williot 1993 ) to 1.6 g m -2 year -1 (Schneider 1998) . Figure 3A gives a simulation example to illustrate the time course of carbon storage in the stem, soil and leaves (LAI) as simulated for Plot 3 of our 16 Scots pine stands. After the spin-up simulation, the three subsequent rotation simulations of 150 years each decreased soil carbon content, maximum LAI and stem C storage, i.e., timber volume. Figure 3B gives a sketch of the system's trajectory during the simulation procedure, indicating system alterations due to the spin-up procedure and the effects of interventions.
Analyses and results
Standard methods
We start by analyzing the simulation results for the different data sets using the ENF ({α} ENF ) parameters (see White et al. 2000) and our species-specific adaptations for Cembran ({α} P. cembra ) and Scots pine ({α} P. sylvestris ) stands (see Table 1 ). A comparison between observations and predictions using the ENF as well as the Cembran and Scots pine parameters are 830 PIETSCH AND HASENAUER TREE PHYSIOLOGY VOLUME 25, 2005 Table 2 . Summary statistics of the independent validation data available for testing simulated model output. Abbreviations: h = tree height; DBH = diameter at breast height; N = stem number per hectare; V = volume per hectare; 10-year VI = 10-year volume increment; SDI = stand density index according to Reineke (1933) ; and SI = site index according to Lick (1991) for Pinus cembra and according to Marschall (1975) presented in Figure 4 . The simulations with {α} ENF tend to underestimate growth of pine ecosystems in Austria. In addition, six of the 23 plots resulted in a predicted volume and volume increment of zero (Figure 4) . A comparison of climatic and site conditions between the six stands where the model collapsed versus the 17 other stands revealed no significant differences (Table 3) in the input data. For the simulations with {α} P. cembra and {α} P. sylvestris , the correlation between predicted and observed values was significant (Tables 4 and 5 ). Furthermore, no trends in the standardized differences ((predicted -observed)/(standard deviation of the observations)) versus stand age, site index according to Reineke (1933) , elevation, slope, aspect and the predictor were evident.
Because neither regression analysis nor trend analysis provides information about the accuracy and precision of model predictions, we next performed a paired t statistics test and an extensive error analysis by assessing the CI, PI and TI for the two model settings according to Reynolds (1984) (Tables 4  and 5 , lines 7 to 13).
The CI for the mean of the differences gives some idea of the possible discrepancy between expectations and the estimator. The PI is a measure for future differences between the predictions and observations. The TI provides the limit that contains a specified proportion (e.g., 95%) in the distribution of the differences when the model is used repeatedly (Reynolds 1984) . Table 4 presents the results for our validation dataset (23 stands) using the ENF initialization as well as species-specific adaptations for Cembran pines. Table 5 gives similar results for our independent Scots pine (n = 16) stands. The results of the error analyses for tree volume increment using the Cembran pine setting can be interpreted as follows. For CI, with 95% probability, we can be confident that 10-year volume in-TREE PHYSIOLOGY ONLINE at http://heronpublishing.com USING ERGODIC THEORY TO ASSESS ECOSYSTEM MODELS 831 . Predicted versus observed volume and 10-year volume increment, using the {α} ENF (᭺, ᮀ) and the species-specific (᭹, ) parameter sets (see Table 1 ) for our 23 Cembran pine (᭺, ᭹) and 16 Scots pine (ᮀ, ) plots, including the regression lines.
crement predictions are accurate because the mean of the relative differences (predicted minus observed in relation to the observations) ranged from -3.5 to 11.4% and was not significantly different from zero. For PI, with 95% probability, we can be confident that the 10-year volume increment predictions in single future model applications will be within -33.5 to 41.5%; this defines the precision of the model as it may be used for estimating carbon sequestration. For TI, in repeated application of the model, most of the errors (95%) will be between -42.8 and 50.8%.
Ergodic theory
Ergodic theory allows us to assess the dynamic stability of a quasiperiodic system (Poincaré 1892 (Poincaré , 1893 . By using the Poincaré map and the Ruelle-Takens transformation, the visualization of a dynamic system and thus the localization of unstable conditions during a given simulation run is possible (Ruelle and Takens 1971 , Ruelle 1978 , Takens 1981 . Consequently, we reconstructed the attractors of ecosystem behavior for each of the three parameter sets from the time series of simulation results by applying Poincaré's mapping procedure and the Ruelle-Takens transformation.
To reconstruct the attractors, we chose quasiannually accumulated net primary production (qNPP). Quasiannual in this context means that daily NPP was summed from the onset of the growing season to the day before the next growing season started. Hence the number of daily NPP values to be summed differs from year to year according to the quasiperiod encapsulated in the daily weather values (i.e., climate). The qNPP is not to be confused with annually accumulated NPP, which is summed over a constant period of 365 days, and therefore no longer exhibits the quasiperiodic signature of climate. Figure 5 shows the reconstructed attractors using qNPP predictions for the 16 Scots pine (Figures 5A and 5B ) and the 23 Cembran pine ( Figures 5C and 5D ) stands simulated with the species-specific (Figures 5A and 5C ) and the general biome ( Figures 5B and 5D ) parameter sets. As shown in Figure 5 , the source regions of the attractors are close to zero and represent the planting time. After planting, the system develops along a stable path to higher qNPP values. Then the region of attraction enlarges as canopy closure-determined from modeled LAI-is achieved (data not shown). If we continue our simulation, qNPP would decline, an effect not evident in our simulations because none of the stands had reached a mature state. Next, we added the pathway of the system for one of the Scots pine and one of the Cembran pine plots (see red lines in Figure 5 ) to understand the model behavior. Furthermore, we added a mesh plot representing a smoothed (running average with n = 15) picture of the attractor to provide the shape of the attracting space.
Comparing the results of Figures 5A and 5C with the results of Figures 5B and 5D , we see that the {α} ENF attractors are smaller, i.e., limited to a smaller subset of phase space, and hence exhibit less complexity than the {α} P. cembra or {α} P. sylvestris attractors. For the surface of the attracting space (i.e., the mesh plots in Figure 5 ) it is evident that, for our Scots pine stands ( Figures 5A and 5B) , the model exhibits higher entropy because of its higher variation compared with the Cembran pine run (Figures 5C and 5D) .
Next, we analyze the collapse of simulation runs for Cembran pine using the {α} ENF parameters by reducing the attractor to a two-dimensional system (Figure 6 ). Although this could mean a reduction in the information content of the picture, we considered this step to be feasible because the changes in CO 2 concentration-the fourth independent model driverwere identical for all our plots.
The pathways of two plots are presented in Figure 6 . The first plot shows a full stand establishment, whereas the second plot gives an example of predicted breakdown of the model run. A detailed look at the attractor reconstructed from results using {α} ENF reveals that, for both plots, the trajectories have a similar source region ( Figure 6C ), before reaching regions 832 PIETSCH AND HASENAUER TREE PHYSIOLOGY VOLUME 25, 2005 Table 3 . Summary statistics of the climate and physical site parameters for the Cembran pine plots with (n = 17) and without (n = 6) predicted growth using the ENF parameters (general biome parameter set for evergreen needle-leaf forests; see White et al. 2000) . At α = 0.05, no significant differences (ns) between the two groups were detected. Abbreviations: t tab = tabular t value for 21 degrees of freedom; T ave = average temperature; VPD = vapor pressure deficit; and Rad = solar radiation. with lower qNPP; however, one plot recovers ( Figure 6C , black line), whereas the other plot collapses ( Figure 6C , red line). This indicates that, after planting, a configuration occurs in the attractor of system behavior that exhibits a bifurcation, i.e., a split in system dynamics, leading to either full stand establishment or a breakdown of the simulated ecosystem. Because (1) no clear saddle configuration (cf. Figure 2C ) is detectable and (2) the trajectories for the two plots cross several times while moving through the region of instability, the separation of trajectories indicates a riddled basin configuration. No such configuration was evident when using the speciesspecific parameter sets ( Figure 6D ).
Discussion
Analyzing model performance by standard methods provides important measures to judge the quality of model predictions versus field observations. Comparison of the results of predicted versus observed values for the {α} P. cembra , {α} P. sylvestris and {α} ENF parameter settings (Figure 4) indicates that the species-specific runs exhibit a good coincidence between predicted and observed volume and 10-year volume increment, whereas the ENF simulations are inconsistent for Cembran pine forest ecosystems. Some of the Cembran pine plots simulated with the {α} ENF parameters even collapsed because predictions exhibited no volume or volume increment. For Scots pine, only an underestimation in volume and volume increment using the {α} ENF parameters is evident. Error analysis (Tables 4 and 5) indicated that the speciesspecific parameter sets produced unbiased and consistent results, whereas predictions with the {α} ENF parameter set gave significantly biased predictions for both pine forest ecosystems. This is consistent with our expectations, because the ENF initialization considers only an "average" evergreen needleleaf forest. Our Cembran and Scots pine forest ecosystems represent specific growing conditions; consequently, we cannot expect accurate model results when using a generic parameter set. Both species are adapted to severe stress: low temperatures, a short growing season and possible frosts throughout the year for Cembran pine; and limited water availability or excessive water but limited nutrients for Scots pine. In the parameter sets for the two species, this is accounted for by a lower maximum stomatal conductance and a different range in the conductance reduction as it is derived from minimum temperature, VPD and leaf water potential (see Pietsch et al. 2005 and Table 1) .
Although these differences in the parameterization explain the bias of the resulting predictions for {α} ENF versus {α} P. cembra and {α} P. sylvestris , the collapse of the model predictions for six of the Cembran pine stands using {α} ENF was surprising. Because site and climate conditions did not differ significantly between the two groups of plots (collapsed and not collapsed) (Table 3) , this suggests that the presented measures describe only the static features of our modeling system but do not assess features (e.g., a collapse of predictions) resulting from the nonlinear behavior of the system (Prigogine 1997).
TREE PHYSIOLOGY ONLINE at http://heronpublishing.com USING ERGODIC THEORY TO ASSESS ECOSYSTEM MODELS 833 Table 4 . Regression parameters and diagnostics of predicted versus observed tree volume (Vol) and 10-year volume increment (VI) together with results of error analyses for model runs with the {α} ENF (general biome parameter set for evergreen needle-leaf forests; see White et al. 2000) and {α} P. cembra (parameter set specifically for Cembran pine forests) for our Cembran pine stands. Note that results for {α} ENF are given twice, first for all 23 stands and second for only the 17 plots where the model did not collapse. Given are the regression parameters; diagnostics; the mean of observations ( None of the classical validation procedures (Tables 4 and 5, Figure 4 ) provide any information about the dynamic behavior of a given simulation run. By applying ergodic theory, we are able to evaluate and compare the nonlinear dynamics of our model results. As shown in Figure 5 , the representation of the attractor allows a visual comparison of the simulation runs for a given forest using the {α} P. sylvestris ( Figure 5A ) and the {α} P. cembra parameters ( Figure 5C ) versus the {α} ENF runs ( Figures 5B and 5D ). The subset of phase space visited by the attractor reconstructed from {α} P. sylvestris or {α} P. cembra is larger compared with the {α} ENF results ( Figure 5 ). This indicates that the model produces a higher degree of complexity when run with the species-specific parameter sets than with the generic parameter sets, implying that the model visits a higher 834 PIETSCH AND HASENAUER TREE PHYSIOLOGY VOLUME 25, 2005 proportion of possible states. The increased complexity using {α} P. sylvestris or {α} P. cembra parameters entails a higher degree of emergence. Emergence refers to the fact that specific model properties or outputs may be derived from available information. In our approach, we use daily climate data as input to derive qNPP. According to Figure 5 , with the species-specific parameters, we can enlarge the range of qNPP predictions ( Figures 5A and 5C ), i.e., more of what might be derivable emerged. The ENF parameterization was less dynamic (Figures 5B and 5D) . From Figure 5 (mesh plots), we see also that the reconstructed attractors for Cembran pine exhibited a less structured or less rough surface compared with Scots pine, indicating a lower variability in possible model dynamics, i.e., less entropy. The reason for this behavior is that Cembran pine ecosystems have a small ecological niche, whereas Scots pine ecosystems range from dry, sandy soil conditions to wet and nutrient-limited stands. When we judge model performance based on standard methods, we see that (1) the quality of model predictions changes with parameter set and (2) that results obtained with {α} ENF are significantly biased (Tables 4 and 5 ) including collapses for six out of the 23 Cembran pine stands. From the representation of the attractor ( Figure 6C ), a region of instability is detectable. This region of instability is identified as riddled basin configuration (similar to Figure 2D ) because, in this region, insignificantly small perturbations in any direction may alter system dynamics profoundly, i.e., toward breakdown or full stand establishment. At such a region, the relationship between predictions and observations is lost and the model becomes strongly random, which may result in a collapse. If the model collapses, the error of model predictions depends only on the observation. This may be considered the classical case in which random estimates may be more accurate than actual model predictions.
The accurate assessment of the dynamic component has an important impact for the reliability of model predictions. For example, if we validate a model for a given ecosystem type and then run a scenario calculation to predict ecosystem responses to changes in climate, the climate input data for driving the model may be beyond the validation range. In such situations, the accuracy and precision of model predictions, as determined from error assessment, become invalid, because the scenario may have pushed the attractor into regions that were not covered by validation runs. As shown for the Cembran pine stands, instabilities may occur in the space of attraction if a parameter set does not optimally cover the site and climate conditions of a given ecosystem (e.g., using {α} ENF for Cembran pine stands). In such situations, we cannot control the stability of the system and the model may become ergodic, resulting in random or chaotic model behavior.
The application of ergodic theory as proposed in this study will enhance our understanding of methods for assessing the performance of ecosystem simulation runs because, in using the attractor representation, the temporal model dynamics (not evident from standard validation methods) can be analyzed. This allows us to detect periods of chaotic model behavior. Such periods of instability are crucial when using ecosystem models to assess potential impacts of, for example, climate change and forest management. For such studies, we therefore suggest a careful analysis of the nonlinear model dynamics using ergodic theory.
